Abstract The purpose of this project is to apply a modified fractal analysis technique to high-resolution T1 weighted magnetic resonance images in order to quantify the alterations in the shape of the cerebral cortex that occur in patients with Alzheimer's disease. Images were selected from the Alzheimer's Disease Neuroimaging Initiative database (Control N=15, Mild-Moderate AD N=15). The images were segmented using a semi-automated analysis program. Four coronal and three axial profiles of the cerebral cortical ribbon were created. The fractal dimensions (D f ) of the cortical ribbons were then computed using a boxcounting algorithm. The mean D f of the cortical ribbons from AD patients were lower than age-matched controls on six of seven profiles. The fractal measure has regional variability which reflects local differences in brain structure. Fractal dimension is complementary to volumetric measures and may assist in identifying disease state or disease progression.
Introduction
In the last decade, quantitative volumetric MRI studies of regional human neuroanatomy in vivo have contributed greatly to knowledge of macroscopic anatomical changes associated with aging, neurological disease, and psychiatric disease (Toga and Thompson 2002) . Currently there exist several techniques for assessment of cerebral morphology, such as manual ROI-based volumetric approaches , hippocampal shape analysis (Csernansky et al. 2005b) , voxel-based morphometry (Ashburner and Friston 2000; Good et al. 2001) , cortical pattern matching (Thompson et al. 1998 (Thompson et al. , 2001 ), brain boundary shift integral (Fox et al. 2000) , cortical thickness (Fischl and Dale 2000; Fjell et al. 2006; Walhovd et al. 2005) , and regional cortical segmentation (Rademacher et al. 1993) . These techniques can reliably differentiate patients with Alzheimer's disease (AD) from controls by demonstrating decreases in brain volumes (Csernansky et al. 2005a; Dickerson and Sperling 2005; Du et al. 2007; Jack et al. 1999; Killiany et al. 2000; Korf et al. 2004; Visser et al. 1999; Wang et al. 2003) . Volumetric characterization is one of many aspects of human anatomical structure. Additional information not available by volumetric analysis may be gained using other analysis techniques, such as shape analysis (Guido et al. 2001) .
Shape characterization can be a useful method for identifying clinically relevant information on neuroimaging scans (Casanova et al. 1990; Csernansky et al. 2005b; Wang et al. 2003) . One method, which is receiving increasing usage in recent years, is to characterize the shape complexity of the brain using a measure known as fractal dimension. Fractal dimension analysis was first made popular by a series of works by Benoit Mandelbrot in the late 1970s and early 1980s (Mandelbrot 1977 (Mandelbrot , 1982 . These analytic techniques can capture very complicated structures using relatively simple computational algorithms. Scientists have used fractal analysis for many years to quantify geologic phenomena such as decay of coastlines, analyzing cracks in crystal structure, botanical simulation, and atmospheric modeling (Herbert and Croft 1996) . It has been proposed that these same principles could be used to quantify the spatial properties of the surface of the brain.
Studies using anatomical data from either gross specimens (Hofman 1991) or magnetic resonance images (Cook et al. 1995; Kiselev et al. 2003; Lee et al. 2004; Majumdar and Prasad 1988) have demonstrated that the human cerebral cortex exhibits fractal properties, such as being statistically self-similar (magnification of smaller scale structure resembles the large scale structure). The underlying cerebral white matter, as well as the cerebellum and supporting white matter tracts are also amenable to study using fractal approaches (Esteban et al. 2007; Liu et al. 2003; Zhang et al. 2006 Zhang et al. , 2007 .
The fractal properties of the cerebral cortex arise secondary to folding (Hofman 1991) . There are numerous methods for quantifying the degree of folding of the cortex, such as computing the gyrification index (GI), which compares the ratio of the total brain surface to the superficially exposed brain surface (Moorhead et al. 2006; Zilles et al. 1988 Zilles et al. , 1989 ). An analogous method is the computation of folding area, which is the ratio of the area of cortex located within folded regions to the total surface area. Im et al. (2006) demonstrated that changes in folding area, as well as sulcal depth and cortical thickness, have significant effects on the fractal dimension of the cortex in normal adults.
This study builds upon previous fractal imaging studies of clinical patient populations in two important ways. First, the anatomical structure of interest is the entire cortical ribbon rather than just the inner or outer surface. Most of the previous studies examining the clinical uses of fractal analysis of the cortex have focused on the cortical boundaries (either the pial surface or the grey/white junction, but not both). When fractal dimension is calculated on pial surfaces, the value is negatively correlated cortical thickness, but positively correlated with folding area and curvature (Im et al. 2006; Jiang et al. 2008 ). Thus, a degenerative process that caused cortical thinning and widening of sulci (decreased folding area) would have counteracting effects on the measured fractal dimension. We hypothesize that these counteracting effects will instead be complementary when cortical thickness is directly incorporated into the fractal dimension calculation.
Second, this approach is applied to Alzheimer's disease. Given that the fractal properties of the cortex arise secondary to gyrification, diseases that alter gyrification become a natural target for fractal analysis. In Alzheimer's disease, the loss of neurons and subsequent axonal degeneration leads to cerebral atrophy; the effects on the cerebral cortex are widening of sulci and thinning of the cortical ribbon (Thompson et al. 2007 ). Although it is probable that AD alters cortical gyrification, this has not yet been formally studied. We therefore hypothesize that the fractal dimension of the cortical ribbon of patients with Alzheimer's disease will be significantly lower than agematched controls with normal cognition. We also hypothesize that there will be regional variation in these findings as there are known regional variations in the degree of AD pathology.
Materials and methods
The data used in this article were obtained from the Alzheimer's Disease Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ADNI). The ADNI project was launched in 2003 by the National Institute on Aging (NIA), the National Institute of Biomedical Imaging and Bioengineering (NIBIB), the Food and Drug Administration (FDA), by private pharmaceutical companies, and by nonprofit organizations, as a $60 million, 5-year public-private partnership. The primary goal of ADNI has been to test whether serial magnetic resonance imaging (MRI), positron emission tomography (PET), other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early Alzheimer's disease (AD). ADNI is the result of the efforts of many co-investigators from a broad range of academic institutions and private corporations, and subjects have been recruited from over 50 sites across the U.S. and Canada. Determination of sensitive and specific markers of very early AD progression is intended to aid researchers and clinicians in developing new treatments and monitor their effectiveness, as well as lessen the time and cost of clinical trials. For up-to-date information see www.adni-info.org.
Subjects were selected randomly from within a clinical database category (i.e. control, mild Alzheimer's disease). Each patient in the study has had a standardized baseline clinical evaluation as detailed elsewhere (Weiner MW. Alzheimer's Disease Neuroimaging Initiative: Grant application [online] . Available at: www.loni.ucla.edu/ADNI/ PDF/Grant.pdf). This study focused primarily on Mini Mental Status Exam (MMSE) and Clinical Dementia Rating (CDR) scores. For the CDR score, a rating of 0 indicates normal cognition, 0.5 indicates questionable or very mild dementia, 1 indicates mild dementia, 2 indicates moderate dementia, and 3 indicates severe dementia (Morris 1997) . The MMSE has a scoring of 30 points, with higher scores indicating better performance (Folstein et al. 1975) .
Shortly after the baseline visit, all subjects underwent a 1.5 T MRI scan. In addition, 25% of the subjects in each cohort underwent a 3 T MRI. Patients returned for followup visits at 3, 6, and 12 months. The longitudinal plan includes repeat imaging at 24 and 36 months (Mueller et al. 2005) . The image sequence of choice for obtaining anatomical data was the MP RAGE sequence (magnetizationprepared 180°radio-frequency pulses and rapid gradientecho). The parameters are: axial orientation, 6.4 ms TR, 4.4 ms TE, 12°FA, 49.9 kHz BW (195 Hz/px), 24× 19.2 cm FOV, 256×192 matrix, 124 contiguous partitions, each 1.2 mm in thickness. The inversion time (TI) and the delay time (TD) are 1,000 and 500 ms respectively. The MP RAGE-based images of 15 patients with varying degrees of clinically diagnosed Alzheimer's disease, as well as images from 15 age and gender matched controls, were selected from the online database www.loni.ucla.edu/ADNI.
Segmentation procedure
The cortical ribbons used in this paper were generated from the MR images using a software suite called FreeSurfer. The technical details of these procedures are described in prior publications Fischl et al. , 2002 Fischl et al. , 2004 Han et al. 2006; Yu et al. 2007 ).
FreeSurfer contains a set of tools for analysis and visualization of structural and functional brain imaging data. The program includes tools for anatomical analyses and labeling of cortical and subcortical regions.
Processing the images occurred in several steps automatically through the FreeSurfer suite. The original images were converted from the DICOM format into a single file with all images from a particular scan protocol. Following motion correction and intensity normalization, extracerebral voxels were removed, using a "skull-stripping" procedure.
Head position was normalized along the commissural axis, and then cortical regions were labeled using an automated procedure. A preliminary segmentation of the grey matter from the white matter was generated based on intensity differences and geometric structure differences in the grey/ white junction (Fischl and Dale 2000) . The pial surface was generated using outward deformation of the grey/white surface with a second-order smoothness constraint. The smoothness constraint allowed the pial surface to be extended into otherwise ambiguous areas. The resulting surface has sub-millimeter accuracy Fischl and Dale 2000) .
Slice selection
Two dimensional images for analysis were selected from four locations in the coronal plane and three locations in the axial plane. These locations were selected because they were easy to reliably identify, and because the sections intersect areas known to be involved in pathological studies of brains from patients with Alzheimer's disease. For example, the anterior hippocampus can be well visualized on a coronal section through the level of the mammillary bodies (Salamon et al. 2005 ). In the coronal plane, slices were taken through the most anterior tip of the temporal lobe (Coronal 1), the mammillary bodies (Coronal 2), the superior colliculus (Coronal 3), and the most posterior edge of the corpus callosum (Coronal 4). In the axial plane, the slices intersect the inferior colliculus (Axial 1), the massa intermedia of the thalamus (Axial 2), and the superior margin of the corpus callosum (Axial 3). In Fig. 1 , these locations are demonstrated on a skull-stripped midline saggital brain image, along with sample ribbons from a control subject and a patient with moderate Alzheimer's disease.
Note that the cortical ribbon seen in the 2D slices in most cases will overestimate the true cortical thickness. The actual thickness of the cortex can only be accurately computed when the plane of the sectioning is orthogonal to the cortical surface. As such, the cortical ribbon profile will be idiosyncratic to the angle and plane of sectioning. However, as long as the angle and plane of sectioning are selected in a consistent manner, the resulting fractal complexity measure can still be used to compare between patients as well as between scans on the same patient. It was necessary to perform the 2D slicing and image analysis in the original image space since spatial transformations (e.g. Tailarach transformation) would alter the value of the fractal measurements.
The ability of a rater to consistently select slices (intrarater reliability) was determined by having a rater (RDK) perform the slice selection twice on eight subjects. The Intra-class Correlation Coefficient (ICC) for slice number was 0.9973 (Model 2, Individual). The ICC for the fractal dimension analysis was 0.6128 (Model 2, Individual). To test the reliability between raters, three trained experts (RDK, ATG, TJ) each selected 30 slice locations from blinded patient data. The ICC was 0.9992 (Model 2, Meaned).
Creating the cortical ribbons
The two-dimensional projections of the pial and grey/white boundaries created through FreeSurfer were saved and converted to a standard graphic image format (Targa Graphics, or.tga). Discontinuities in the graphic images were filled in manually, and non-cortical pixels were removed. A profile of the 2D cortical ribbon was created by filling in the enclosed area between the two boundaries. 2D images of the pial boundary and grey/white boundary were then saved as a black and white graphic file, which could be read by the fractal analysis software. See Fig. 2 for a graphic representation of this procedure.
Computing the fractal dimension of the cortical ribbons There are several approaches for computing the fractal dimension of objects, such as caliper methods (Mandelbrot 1982; Smith et al. 1989; Takayasu 1990 ), box-counting algorithms (Caserta et al. 1995; Mandelbrot 1982) , dilation methods (Fernandez and Jelinek 2001) , and spatial frequency analysis (Kiselev et al. 2003) . We selected a box-counting algorithm because of the simplicity of implementation as well as for comparison to other studies that use this method to examine fractal properties of the human brain (Cook et al. 1995; Esteban et al. 2007; Im et al. 2006; Lee et al. 2004; Liu et al. 2003; Majumdar and Prasad 1988; Zhang et al. 2006 Zhang et al. , 2007 . The algorithm counts the number of boxes needed to cover the ribbon at a given box scale. The scale is changed, and the process is repeated. The fractal dimension of an object, also known as the Hausdorf-Besikovich dimension, is computed as the ratio of the change in the log of the box count to the change in the log of the box size (see Eq. 1).
The box-counting algorithm for this project was implemented using a freeware program called Fractal Dimension Calculator, or FDC (Bourke, http://local.wasp.uwa.edu.au/ pbourke/fractals/fracdim/). FDC provides visual tracking for confirmation of proper box-tiling, and provides results as a text file. The raw data for box count and box size were imported into Excel (Microsoft, Seattle WA) for range determination and statistical analysis. Several steps were taken to minimize known limitations of the box-counting method. For each box size, the tiling was repeated 100 times with random offsets in initial box location in order to find the minimum box count required to cover the image (i.e. the best fit). This reduces errors from geometrical placement of the counting boxes. Because fractal objects in nature have a limited spatial range over which they have fractal properties, we only computed the fractal dimension using data points on the linear portions of the box-count-box-size curve. These are the data points that show scale invariance (i.e. the slope between these points measure at different scale is similar). Linearity was defined as a change in slope between data Fig. 1 Example of two-dimensional cortical ribbons from a control subject and a patient with Alzheimer's disease taken from seven locations. Cortical ribbons from seven sectioning planes (four coronal and three axial) were selected for fractal analysis. The locations and orientations of these planes are described in the text. The first row identifies these planes as solid white lines on a mid-line saggital image. Non-cortical structures (cerebellum, white matter, deep grey matter, and brain stem) were not included in the fractal analysis of the cerebral cortex, but are displayed for spatial reference purposes. The second row displays the cortical ribbon extracted from a control patient with normal cognition (CDR=0). In the third row, the cortical ribbons from the same locations are shown for a patient with moderate Alzheimer's disease (CDR=2). Note the thinner cortical ribbon and widened sulci in the patient compared to the control subject segments of less than 0.1. The fractal dimension was then computed using linear regression of the selected points. The resulting regression lines had a coefficient of determination (R 2 )>0.999, and a standard deviation less than 0.04. A graphical representation of this process is shown in Fig. 3 .
Determining how cortical thickness and cortical gyrification affect fractal dimensionality To evaluate effects of changes in gyrification index or cortical thickness on the two dimensional cortical ribbon, we generated artificial data based on a coronal slice from one of the control subjects. For cortical thickness assessment, the cortical ribbon was edited to be of uniform thickness, which was varied from 0.5 to 5 mm. The gyrification pattern was manually edited to either add or remove gyri from the original cortical ribbon. The two modifications were also done simultaneously to look at additive effects.
Comparison with other structural analysis techniques
It is expected that by using a fractal approach (in combination with other approaches), there will be more variance accounted for in the data, and that the ability to correctly classify patients into risk groups will be improved.
To determine how the 2D fractal analysis technique compared with other structural approaches, we compared the group separation of the 2D cortical ribbons using fractal analysis to analysis of the normalized 2D cortical ribbon area, the whole-brain volume as a percent of intracranial volume (ICV), and hippocampal volume fraction (% ICV) of all the subjects in his study. The area of the 2D cortical ribbons was computed by counting the number of pixels in the image. The 2D areas were normalized for head size by dividing the area by the anterior-posterior diameter of the skull in the midline at the level of the inferior colliculus. Whole-brain volume fraction was computed by comparing the ratio of the Segmented Brain Volume to the Estimated Intracranial Volume, both of which were measured by FreeSurfer during the segmentation process. Hippocampal volumes (right and left) were also measured by FreeSurfer. Note that the hippocampus itself was considered a subcortical structure, and was therefore excluded from the cortical ribbons.
Statistical analysis
For the dichotomous measure (gender), the number and percent are provided and χ 2 or Fisher's exact tests, as appropriate, were performed to compare the two groups. For the continuous measures (age and total MMSE score), Fig. 2 Magnetic resonance image segmentation and cortical ribbon generation. This figure shows some of the key steps involved in generating a two-dimensional projection of the ribbon of cerebral cortex. Please see the text for full details. a This panel shows original magnetic resonance image generated using the MP-RAGE (T1 weighted) sequence. This coronal slice was taken through the mammillary bodies. b This is the image after intensity normalization, skull-stripping, and removal of brain stem. c The grey/white surface is generated using intensity differences between the grey and white matter on the normalized image. The pial surface was generated using outward deformation of the grey/white surface. d The space between the two surfaces in panel C is filled to create the cortical ribbon the mean and standard deviation are provided, and a t-test was performed for age. A multivariate analysis of covariance (MANCOVA) was performed on the seven regions comparing groups and using the covariates age and gender; the covariates in all analyses were non-significant and ttests were used to compare the two groups. All statistical tests were checked for violations of assumptions. SPSS V14.0 was used for these analyses. Statistical tests were performed using two sided tests, and p<0.05. Effect sizes (Cohen's d value) of the three morphometric techniques (fractal analysis, whole-brain volume fraction, and 2D cross-sectional area) were computed using Excel 2003 SP3. A large effect size is indicated by d>0.8.
Results
Natural objects display fractal properties (i.e. scale invariance) over a limited spatial range. For the two-dimensional cortical ribbons used in this project, the lower end of the fractal size range was ∼3 mm. This was constrained by the spatial resolution of the pixelized image files. The upper end of the fractal size range varied between 26 and 44 mm.
The effect of changing the cortical thickness and/or the gyrification index on the calculated fractal dimension of an artificial cortical ribbon is shown in Fig. 4 . When incorporated directly in the fractal analysis, increasing the thickness of the cortical ribbon raises the measured fractal dimension. Increasing the gyrification index has a similar effect. The effect of increasing both GI and cortical thickness simultaneously is a nonlinear addition that further increases dimensionality. For example, the cortical ribbon with the highest dimensionality in Fig. 4 also has the highest gyrification index and highest cortical thickness.
The results of the fractal analysis of the two-dimensional cortical ribbons (four coronal slices and three axial slices) from control subjects and patients with mild to moderate Alzheimer's disease are summarized in Table 1. The table  shows Computing fractal dimension using a box-counting algorithm. a An object is tiled with boxes of a given size, and the number of boxes needed to cover the object is counted. The box size is changed, and the process is repeated. Four examples of tiling are shown in this panel. b The fractal dimension of an object is computed by determining the ratio of the change in box count to the change in box size (in log-log space). The least squares regression for all data points is indicated by the solid line. c To determine the spatial range over which the image shows scale invariance, the change in point-topoint slope is plotted. Those point-pairs with slopes less than the threshold (±0.1) are highlighted in pink. d The data from panel (b) are shown, but the regression line is taken only through the linear portion the fractal dimension calculated for the cortical ribbon at each location. There were 15 subjects in the control group (53.3% female) and 15 subjects in the AD patient group (53.3% females). Subjects in both groups were similar in age (p=0.90, Controls 75.7±9.6 versus Patients 76.1±7.8). Multivariate models for the covariate of 'age' were not significant.
The scatter-plot in Fig. 5 shows the scores for all of the controls and patients at each location. The mean value of the fractal dimension was higher for the control subjects than for the patients at all locations. There were significant group differences in the analyses for six of the seven regions. These regions include the most anterior tip of the temporal lobe (Coronal 1), the mammillary bodies (Coronal 2), the superior colliculus (Coronal 3), the most posterior edge of the corpus callosum (Coronal 4), the inferior colliculus (Axial 1), and mid thalamus (Axial 2). Slices through and the superior margin of the corpus callosum (Axial 3) showed a trend toward separation, but the difference was not statistically significant. The statistics are summarized in Table 2 .
The results of the comparison between fractal analysis, whole brain volume fraction, and two-dimensional crosssectional area are shown in Table 3 . Whole-brain volume comparison between subject groups yielded a strong effect size (d=1.41, p=0.019). On average, the areas of the cortical ribbons from the control group were larger than those from the patients (d=1.37, p=0.009). Similar to fractal analysis, the normalized cross-sectional area measures demonstrated regional variation in terms of the analysis effect size. There were small to medium effect sizes at the first coronal location and the second axial location, and strong effect sizes at the remaining locations. The normalized hippocampal volume measurements showed a strong separation between these same clinical groups with a very large effect size (d=3.78, p<0.001).
Discussion

2D fractal analysis of the cortical ribbon can discriminate patients with different degrees of cerebral atrophy
The fractal technique used in this project successfully discriminated between the two clinical groups in six of the seven slice locations and orientations tested. The analysis identified regional differences in the fractal measurements, which suggests that this slice approach is sensitive to local intrinsic structural variability. Even though it is unlikely that an entire slice will change in its spatial properties, this fractal technique was able to detect enough changes in many of the selected regions to generate a significant difference between the two patient groups.
The fractal analysis approach used in this paper differed from previous papers in that we analyzed the entire 2D profile of the cortical ribbon rather than just the inner or outer boundaries. This approach allows changes in cortical thickness to be directly incorporated into the Fig. 4 The effects of cortical thickness and gyrification index on measured fractal dimensionality. A coronal slice from a control subject and its fractal dimension is seen in the box. The remaining cortical ribbons are artificial data demonstrating fractal dimension changes with variation in cortical thickness, gyrification index, and the combination of the two. The fractal dimension of each slice is indicated by the number below the slice. Changes in cortical thickness are seen on the horizontal axis with increasing thickness towards the right. Changes in the gyrification index are seen on the vertical axis with values increasing upwards. Thinning of the cortical ribbon and lowering the gyrification index both decrease fractal dimensionality fractal computation. The importance of the combined effect of gyrification index and cortical thickness was shown in Fig. 4 . When measured simultaneously, decreases in either variable lowers the fractal dimensionality (i.e., there is positive correlation for both). This is an important technical difference from previous studies because when measured independently, fractal dimension has a positive correlation with gyrification index, but a negative correlation with cortical thickness (Im et al. 2006) . This result suggests that fractal measures of the cortical ribbon behave differently than measures of the pial surface, and that ribbon measurements are more likely to be useful in quantifying changes associated with neurodegenerative disease.
Spatial variability and localization
This paper analyzed seven locations as a proof of concept that there are significant changes in the fractal dimension of the cerebral cortical ribbon with Alzheimer's disease. It is not surprising that distinguishing patients with AD from control patients is more successful in some regions than others given the known patterns of variable cortical involvement. For example, pathological analysis of brains with Alzheimer's demonstrates more prominent pathology in medial temporal and parietal lobes compared to occipital lobes (Arnold et al. 1991) .
Localization of changes in shape in this paper is not possible beyond the level of individual slices. Moreover, Baseline group statistics: The age differences between the two groups were not statistically significant (computed using two independent samples t-test). The two groups were selected to balance gender. The MMSE scores are shown, but were not included in statistical models since this clinical information was part of the initial criteria for categorization. Fractal dimension statistics: All regions were found to have a statistically significant higher mean fractal dimension in the control group except for Axial 3, which showed a trend towards separation. On MANCOVA analysis, neither age nor gender was a statistically significant covariate Table 2 for details on the statistical analysis the selected locations may not represent the best or most significant locations. While the locations selected for this study were good candidates, a systematic analysis of many more slices and slice orientations may yield locations and orientations that are more sensitive than the ones used in this study. Localization of regions where the greatest change between groups occurs would also require either considerably more slices or a localized three-dimensional cortical ribbon analysis technique. Both approaches are interesting future directions, but would require a more fully automated method of data analysis and custom software to be practical. This study was not intended to provide detailed localization for anatomical/pathological correlation. That type of analysis could be better performed using a three-dimensional measure that takes into account the entire cortical surface. Such a method is currently under development.
Sources of variability in the fractal measure
Methods for group comparisons in imaging studies usually involve transformation into a common image space. However, such an approach is not possible in this study since the process or transformation dramatically alters the imaging data. The 2D slicing and subsequent fractal analysis are required to be performed in the original image space, and consequently the images will not be exactly coregistered. This is a recognized limitation of the current method, and it unquestionably adds noise to the analysis. Despite this limitation, we were able to identify significant differences between the two groups. It may be possible to dramatically reduce this source of noise by using unbiased diffeomorphic atlases (Joshi et al. 2004) prior to group comparisons. Another potential source of noise is the observation that the junction between the cerebral cortex and underlying white matter becomes more difficult to discriminate in older subjects. This phenomenon is not likely to impair the validity of the fractal measure for several reasons. First, the MP-RAGE sequence used in the ADNI protocol enhances the grey-white contrast (much greater than what is seen on computed tomography or T1-weighted magnetic resonance images). Second, the image intensities were normalized using FreeSurfer, and image normalization was checked prior to analysis. The accuracy of the FreeSurfer grey/white segmentation has not been shown to be less accurate as a function of age. Additionally, the two groups were age matched, and age was not found to be a statistically significant covariate. Finally, if there were any net effect of ambiguity in the grey/white interface, it would cause some smoothing of the junctional boundary. Rather than confounding the fractal data, this smoothing would become Effect size (Cohen's d) and significance of the F statistic (p value) are shown for the mean differences between patient categories for fractal dimension, normalized cross-sectional area, whole brain volume, and hippocampal volume. The whole brain volume and hippocampal volume are normalized by the intracranial volume to account for variation in head size. The locations that showed statistical significance on the fractal dimension test (coronal 1-4 and axial 1-2) had effect sizes of similar magnitude to the whole brain volume measure, and generally larger than cross-sectional area measures. The hippocampal volume measurement had a very large effect size on this subject population data. The smoother inner boundary of the cortical ribbon would be one of several variables (including cortical thickness and gyrification index) that are incorporated into the fractal measure.
Using advancing MRI technology to improve the fractal dimension measure There are several factors that limit the minimum spatial scale for the fractal analysis. These include limitations on the resolution of the initial magnetic resonance image (as determined by scanning parameters and magnetic field strength), limitations on the process of image segmentation (accuracy of pial and grey-white boundaries), and limitation on the resolution of the digitized images used in the fractal analysis software. The MP-RAGE images used in this project, which were obtained using the ADNI protocol on 1.5 T magnets, had a resolution of 1.25 mm×1.25 mm× 1.2 mm. It is now possible to obtain higher resolution data with relatively routine imaging technology (e.g., 800 μm isotropic). These higher resolution images may extend the lower spatial scale of the fractal analysis, and thereby increase the sensitivity of the images to subtle changes in shape. The image segmentation through FreeSurfer yields sub-millimeter resolution surfaces, and as such is unlikely to be the limiting factor in this analysis. In this study, the limiting factor was the process of pixelizing the segmented images into the appropriate image format. The best way to overcome this obstacle is to perform the fractal analysis directly on the MRI data, thereby skipping the pixilation process entirely. Development of this custom software is a major focus for future work.
Comparing and combining fractal data with other techniques Many established techniques, including whole-brain and hippocampal volume measurements, are being applied to the Alzheimer's Disease Neuroimaging Initiative data. When compared to whole brain volume measurements, the effect size of the fractal analysis was equal or greater in six of the seven regions. The differences in hippocampal volume between clinical groups were very robust and had a larger effect size than results derived from fractal analysis. The correlation between hippocampal volumes and cortical fractal dimension were weak, suggesting that the two measures are largely independent. Thus, combining the two measures may improve power of discrimination over either measure independently. It will be of interest to determine how well fractal analysis performs in patients with milder symptoms, in whom it may be valuable to have additional types of measures beyond hippocampal volume.
Using fractal dimension prospectively
The observed variation in local cortical involvement also presents a future opportunity to identify patterns in regional atrophy that correlate with different forms of neurodegenerative disease. This will require comparing systematic sections of patients with differing forms of dementia (i.e., AD, Lewy Body dementia, Fronto-temporal dementia) to identify locations that best separate them from normal patients as well as from each other. The eventual goal of this technique is to develop a classification method that is sensitive and specific for various forms of neurodegenerative disease. The current study was not sufficiently powered to determine the range of "normal". Indeed, the range of normal is likely to be dependent upon not only age but also region. With the development of automated high-throughput systems, it would be possible to evaluate much larger cohorts (i.e. the entire ADNI database). At that point, fractal scores can be compared with population norms (corrected for age) to generate Z scores, and the sensitivity and specificity of the fractal values can be determined.
